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An automated method is being developed in order to identify corresponding nodules in serial
thoracic CT scans for interval change analysis. The method uses the rib centerlines as the reference
for initial nodule registration. A spatially adaptive rib segmentation method first locates the regions
where the ribs join the spine, which define the starting locations for rib tracking. Each rib is tracked
and locally segmented by expectation-maximization. The ribs are automatically labeled, and the
centerlines are estimated using skeletonization. For a given nodule in the source scan, the closest
three ribs are identified. A three-dimensional 3D rigid affine transformation guided by simplex
optimization aligns the centerlines of each of the three rib pairs in the source and target CT
volumes. Automatically defined control points along the centerlines of the three ribs in the source
scan and the registered ribs in the target scan are used to guide an initial registration using a second
3D rigid affine transformation. A search volume of interest VOI is then located in the target scan.
Nodule candidate locations within the search VOI are identified as regions with high Hessian
responses. The initial registration is refined by searching for the maximum cross-correlation be-
tween the nodule template from the source scan and the candidate locations. The method was
evaluated on 48 CT scans from 20 patients. Experienced radiologists identified 101 pairs of corre-
sponding nodules. Three metrics were used for performance evaluation. The first metric was the
Euclidean distance between the nodule centers identified by the radiologist and the computer reg-
istration, the second metric was a volume overlap measure between the nodule VOIs identified by
the radiologist and the computer registration, and the third metric was the hit rate, which measures
the fraction of nodules whose centroid computed by the computer registration in the target scan
falls within the VOI identified by the radiologist. The average Euclidean distance error was
2.7±3.3 mm. Only two pairs had an error larger than 10 mm. The average volume overlap measure
was 0.71±0.24. Eighty-three of the 101 pairs had ratios larger than 0.5, and only two pairs had no
overlap. The final hit rate was 93/101. © 2007 American Association of Physicists in Medicine.
DOI: 10.1118/1.2712575
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Lung cancer is the leading cause of cancer death in the
United States, accounting for 31% male and 26% female
of all cancer death.1 The overall 5-year survival rate is only
15%, but studies show that the survival chance of lung can-
cer patients can be improved by early diagnosis and
treatment.2 Periodic low-dose computed tomography CT
examinations of the lung are recommended by several
studies.3,4 Multi-detector CT scanners can typically produce
high resolution. Both slice thickness and in-plane pixel size
can be submillimeter. High-resolution CT scans make it fea-
sible to analyze small nodules for early diagnosis and treat-
ment, but detecting and registering nodules between serial
CT volumes with a large number of slices is time consuming.
Moreover, small nodules are prone to be missed.5,6
Computer-aided diagnosis systems have been designed to
help radiologists improve their efficiency and accuracy in
lung nodule detection and classification.7–10 In this study, we
focus on automating the registration of pulmonary nodules in
1336 Med. Phys. 34 „4…, April 2007 0094-2405/2007/34„4…/serial CT scans, which is an important step for computer-
assisted analysis of nodule interval change and
characterization.11
Image registration is a common procedure in medical im-
age analysis.9 Conventional registration methods such as af-
fine transformations,12 nonlinear warping,13 and mutual
information14,15 have been used widely for various medical
applications. Our study aims at predicting the position of
lung nodules in a target thoracic CT scan based on its loca-
tion in a source thoracic CT scan for the purpose of interval
change analysis. Because of the possible variations in patient
positioning, variations in the lung volume and shape at dif-
ferent stages of a respiratory cycle, and changes in the nod-
ule size and shape in the serial scans, nodule registration can
be a challenging task.
Several research groups have previously investigated lung
nodule registration. Betke et al.16 developed an automated
method for registering whole thoracic CT scans, using the
rigid affine transformation and the iterative closest-point
17ICP algorithm. Lung nodule registration is then con-
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target CT scans. Pairs that have the smallest Euclidean dis-
tance are defined as the corresponding nodules. They evalu-
ated the method on ten patients. The average Euclidean dis-
tance error over 58 pairs of nodules was 8 mm and the
correspondences of 56 nodule pairs were established cor-
rectly. Their study also suggested that the ribs could be good
anatomical structures for registration because they generally
move together with the lung during respiration and land-
marks on the ribs are reliable. Hong et al.18,19 proposed a
multi-step method for nodule registration, including segmen-
tation of the lung, estimation of initial translation, refinement
of initial alignment by an iterative surface registration, and
construction of nodule correspondences by using the smallest
Euclidean distances. The average Euclidean distance error
for 20 patients was 4.7 mm. Blaffert and Wiemker20 com-
pared five registration methods using 20 pairs of temporal
CT scans. The average Euclidean distance errors of the meth-
ods ranged from 4.2 to 5.3 mm. Sun et al.21 proposed to use
six pairs of segmented structures in the vicinity of a nodule
for registration. The registration was guided by maximizing
the cross-correlation coefficient and the variance of the affine
transformation parameters. The results of their study were
promising; however, correct selection and segmentation of
the six structure pairs may present difficulties in practice. In
a recent study,22 Reeves et al. used a 3D rigid affine trans-
formation for registration of small volumes of interest con-
taining nodules whose localization and size were predeter-
mined using a 3D template matching method. Since their
emphasis was nodule growth rather than registration, quanti-
tative results on registration accuracy were not described.
Although research on nodule registration has been pro-
gressing, better registration performance is still required be-
fore it can be introduced to clinical practice for assisting
radiologists in temporal change analysis. We have developed
FIG. 1. Flowchart for our pulmonary nodule registration method in two
serial CT scans.a new prototype system for automated nodule registration
Medical Physics, Vol. 34, No. 4, April 2007based on the rib anatomy and template matching in serial CT
examinations. Our method uses the rib centerlines as the ref-
erence for initial nodule registration, which is then refined by
nodule template matching. Three metrics were used for per-
formance evaluation. The first metric was the Euclidean dis-
tance between the nodule centers identified by the radiologist
and the computer, the second metric was a volume overlap
measure, and the third metric was the fraction of nodules
whose centroid computed by the computer registration in the
target scan falls within the VOI identified by the radiologist.
II. METHODS
Figure 1 shows the flowchart for our method. It involves
three major steps: 1 automated segmentation and labeling
of the rib anatomy, 2 local registration of nodules using a
3D rigid affine transformation, and 3 refinement of regis-
tration using template matching supplemented by a geometri-
cal constraint. Before the three major steps, the source and
target thoracic CT scans are linearly interpolated in the axial
z direction to have the same slice thickness of 1.25 mm for
efficient implementation.
A. Rib segmentation
Several research groups have investigated rib segmenta-
tion in the past few years.23–25 We have developed a compu-
FIG. 2. Flowchart of the rib segmentation method.tationally efficient, spatially adaptive, recursive, and auto-
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pulmonary nodule registration in 3D CT scans. Our method
first locates the positions where the ribs join the spine. These
positions define the starting locations. From each starting
location, the rib is tracked using a moving cube. The
expectation-maximization EM algorithm is used to seg-
ment ribs within each cube location. Figure 2 shows the
flowchart for our rib segmentation.
1. Component separation by the EM algorithm
EM is a popular method for estimating parameters in
probabilistic models. It is applicable to the same type of
problems as the maximum likelihood method, but it can also
solve problems that have either missing or incomplete data
hidden data. In our application, the CT volume is the ob-
served data Y. We assume that Y contains a mixture of three
components: background, soft tissue, and bone. The compo-
nent that each voxel in Y belongs to is the hidden data. The
EM algorithm is designed to separate the gray level histo-
gram of Y into three Gaussian distributions. The gray level of
each component i typically has a Gaussian distribution with
mean i and standard deviation i:
giti,i =
1
2i
exp t − i2
− 2i
2 , i = 1,2,3, 1
for background, software tissue, and bone, respectively. Let
wi be a mixing coefficient weighting the contribution of the
ith component to voxels in Y. Our model then has nine pa-
rameters = 	w1 ,1 ,1 , w2 ,2 ,2 , w3 ,3 ,3
. The
mixing probability for a gray level t is
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i=1
3
wigiti,i , 2
subject to i=13 wi=1 and 123.
Let K be the total number of voxels in Y and tk be gray
level of the kth voxel. We estimate the parameter values by
maximizing the log-likelihood of the mixing probability:
ˆ = argmax


k=1
K
logptk . 3
Starting with the initial set of parameter values 0, the EM
algorithm solves Eq. 3 by iteratively computing the expec-
tation of the ith component for the kth voxel,
E	pitk,
 = wigitki,i , 4
and then updating  in terms of the estimated expectation of
the hidden data. The iteration is terminated as long as it
reaches either the fitting convergence or a preset maximum
number of iterations.26,27
2. Starting locations for the ribs
Our rib segmentation method locates the region where the
ribs join the spine and defines a starting location in this re-
gion for rib tracking. To achieve this, a region of interest
ROI containing the spine and parts of the ribs is first auto-
matically determined on each slice. The thorax region and
the left and right lungs are segmented by k-means
clustering.7 Using the location of the lungs and the fact that
the spine is in the central part of a 2D slice, we adaptively
define a ROI on each axial slice relative to the geometrical
FIG. 3. Bone segmentation for starting points of the rib
tracking. a A series of small regions containing the
spine and portions of the fifth rib pair. The slices are
ordered from left to right and top to bottom. b Seg-
mentation results of the series of small regions in a.
They were used to determine the starting locations of
the fifth rib pair.centers of the left and right lungs and the extent of the pa-
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3a shows a series of such ROIs that contain part of the
vertebra and the fifth rib pair. The bones in each ROI are
then segmented using the EM algorithm. Figure 3b illus-
trates the bone segmentation results for the ROIs shown in
Fig. 3a. We then determine the maximum extent of the
segmented bone objects in the x direction horizontal direc-
tion on each slice, referred to as bone span below, as fol-
lows: Each ROI is scanned line by line from top to bottom. If
a line intersects the segmented bone objects, the leftmost and
rightmost intersections are selected, the distance between
which is defined as the line extent. The bone span is obtained
as the maximum of all line extents in the ROI. The bone span
information is used to determine where each rib joins the
spine, by plotting the profile of the bone span with respect to
the CT slice number i.e., z coordinate from the neck to the
abdomen, and finding the peaks in this profile. The coordi-
nate zi for the two starting locations of the ith pair of the left
and right ribs are selected based on the local maxima of the
smoothed profile. Figure 4 shows an example of such profile,
in which the arrow indicates the approximate coordinate z5
where the fifth rib pair joins the fifth thoracic vertebra. The
rib interval, defined as the spacing between two adjacent
ribs, used in rib tracking is also estimated from this profile.
In the ROI of the zith axial CT slice, we select two outermost
points: xiL ,yiL ,zi for the left rib and xiR ,yiR ,zi for the
right rib as the starting locations.
3. Rib segmentation, tracking, labeling, and
skeletonization
Our method recursively tracks each rib from its starting
location. A series of small overlapping cubes along a rib is
sequentially constructed. The bones in each cube are seg-
mented using the EM algorithm and 3D connected compo-
nent analysis. Once the rib in the current cube is segmented,
the position of the next cube is determined by the center of
the previous cube and the geometrical center of the intersec-
tion between the current cube surface and the rib in the di-
FIG. 4. Profile for the rib starting locations along the spine. The z coordinate
stands for the CT slice number in the ascending order from the neck to the
abdomen. The coordinate z5, where the fifth rib pair joins the fifth thoracic
vertebra, is indicated by the arrow.rection that the rib has not been tracked. The step size of the
Medical Physics, Vol. 34, No. 4, April 2007moving cube is therefore about half of the cube size. The
partial overlap of two consecutive cubes results in a smooth
transition between neighboring rib pieces.
The ribs need to be labeled on each scan for our applica-
tion. Typically, the axial slices containing the apex of the
lungs also contain the second pair of ribs as illustrated in Fig.
5. We therefore first identify the second rib pair by consid-
ering the position of the segmented lung apex and the spine
profile in Fig. 4. The other ribs are then labeled sequentially
according to the profile. In the rib labeling process, the rib
interval is used to identify possible missing ribs.
In order to reduce computational cost in evaluating the
objective function and improve the robustness of the optimi-
zation of the parameter values of the rigid affine transforma-
tion, only the centerlines of the ribs are used in the following
steps. The centerlines can be obtained using skeletonization,
for which conventional methods have been discussed in the
literature.28 Figure 6 shows an example that contains 11 pairs
of rib centerlines. The first rib pair is above the apex of the
lungs and not included.
FIG. 5. The slice where the lung apex starts to appear. This slice was used as
the reference for labeling the second rib pair.
FIG. 6. Rib centerlines after segmentation, labeling, and skeletonization.
The first rib pair is not involved in nodule registration and is not segmented.
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In the second major step of the method, we use 3D rigid
affine transformation to obtain an initially registered volume
in the target scan that corresponds to a nodule in the source
scan. For a nodule in the source scan, we locate the three ribs
that are closest to the nodule. We then perform the initial
registration in two stages. Given a pair of corresponding rib
centerlines in the source scan and the target scan without
labeling any corresponding anatomical landmarks, the first
stage uses simplex optimization to search for the best param-
eter values for a rigid affine transformation between the two
ribs. The initial translation for the optimization is determined
using the bounding boxes of the ribs in the source and target
scans, and the initial rotation is defined as zero. In the second
stage, we automatically define a number of control points on
the three registered ribs, which are then used to determine a
closed-form solution for a single 3D rigid affine transforma-
tion that relates the two volumes.
1. Rib registration using rigid affine transformation
and simplex optimization
Our method uses the rigid affine transformation twice,
first for rib centerline registration and second for initial nod-
ule prediction. Since the ribs are physically rigid, our method
uses the 3D rigid affine transformation with six independent
parameters three for rotation and three for translation for
both the first and second stages. As discussed above, each
thoracic CT scan is interpolated in the z direction to have the
same slice thickness. In addition, a scaling factor is derived
from the in-plane pixel sizes of the source and target CT
scans to account for any possible differences in the field-of-
view between the two scans. We therefore did not need to
include scaling parameters in our 3D affine transformation.
Due to breathing, the ribs may move independently. We
use a different pair of rotation matrix and translation vector
for each rib. Let Cs= 	x1s , . . . ,xn
s
 and Ct= 	x1t , . . . ,xm
t 
 be a
pair of corresponding centerlines on the source and target CT
scans, respectively. The two centerlines may have different
numbers of points. Let R and T denote the joint rotation
matrix and the translation vector, respectively. Applying the
rigid affine transformation to Cs yields the registered center-
line Cr in the target CT volume:
Cr = R	x1
s
, . . . ,xn
s
 + T = 	x1
r
, . . . ,xn
r
 , 5
where R and T are estimated using simplex optimization.
We define the objective function for measuring how well
two centerlines are aligned as follows:
J1R,T = 
i=1
n
min
1jm
	x j
t
− xi
r1

+ 
j=1
m
min
1in
	x j
t
− xi
r1
m + n , 6
where  · 1 denotes the l1 norm also called the city-block
distance. l1 norm is used here for computational efficiency.
Essentially, J1 measures the resemblance of two sets of geo-
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goal is to find the optimal rotation matrix and the translation
vector, which minimize J1 for each rib pair. Since a closed-
form solution is not possible, the simplex method29 is used to
find the optimal parameters.
One problem with the simplex optimization is that it may
be trapped in local minima. We address this issue by assign-
ing an appropriate initial rotation matrix and translation vec-
tor. We initialize rotation and translation using the bounding
boxes of the ribs. In practice, two chest CT scans typically
are generated under a certain protocol and the patient chest
skewness is small so that the two CT scans are misaligned
mostly due to translation. The translation may result from
either different torso positions or different points in the res-
piratory cycle. Based on the rib cage, our method can
roughly estimate the translation. First, in the source CT scan,
three ribs that are closest to the centroid of the given source
nodule are identified. A bounding box is constructed by using
the centerlines of these three pairs of ribs. The rib labels of
these ribs in the source CT scan are then used to select the
corresponding ribs in the target scan and the target bounding
box is constructed for their centerlines. The initial translation
for the simplex method is the shift between the geometrical
centers of the two bounding boxes. Good initial translation
and rotation can reduce optimization time and the risk of
being trapped in local minima.
2. Nodule registration by control points
For each of the three ribs closest to the nodule, the
method in the first stage described above may provide differ-
ent affine registration parameters. Our goal in this stage is to
determine a single affine registration for the nodule that may
be a compromise of the three rib registrations found in the
first stage. For this purpose, our method automatically selects
control points along the three pairs of registered centerlines.
Given a point Xi
sCs on the rib centerline in the source
scan, we first find the registered point xi
r
=Rxi
s+T using the
affine transformation for the pair. We then find the l1 norm
between Xi
r and the points X j
t 1 jm in the target cen-
terline Ct. If the following condition is satisfied,
min
1jm
	x j
t
− xi
r1
  , 7
where  is the error tolerance, then we define the pair of
control points from the source to the target as:
xi
s x jˆ
t
with jˆ = argmin
1jm
	x j
t
− xi
r1
 . 8
Let 	x1
s
, . . . ,x
n
s 
 and 	x1t , . . . ,xn
t 
, where nn, be all the
corresponding control points on the source and target, re-
spectively. To find the second-stage rotation matrix Rs and
translation vector Ts, we first define the objective function
J2R ,T as the sum-of-squares distance between the control
points in the target scan and the registered control points
from the source scan:
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i=1
n
xi
t
− Rxi
s
− T2
2
, 9
where  · 2 denotes the l2 norm i.e., the Euclidean distance.
The l2 norm is used at this step because it allows the optimal
registration parameters Rs and Ts that minimize J2 to be
computed using a closed-form formula.30 The process is
computationally efficient.
Because the 3D rigid affine transformation does not uti-
lize any gray-level information and lungs are nonrigid lung
volume and shape may change during respiration and nod-
ules may grow, the nodule positions may not register very
accurately at this step. However, the initial predicted nodule
position can still give us a good starting point for nodule
template matching, which refines the nodule registration by
exploiting the gray-level information.
C. Template matching
Template matching is designed to search for correct pul-
monary nodules in the target scan by using the nodule tem-
plates from the source scan. Exhaustive searching is ineffi-
cient and prone to mismatching. We propose an efficient
method to reduce the search space by using the Hessian re-
sponse. We also supplement template matching by a geo-
metrical constraint.
1. Hessian response
The Hessian response has many applications in computer-
aided diagnosis and detection, for example, microcalcifica-
tion analysis in mammograms31 and nodule detection and
false positive reduction in thoracic CT scans.5,32 In thoracic
CT scans, the Hessian response can differentiate nodules
from vessels, which can typically be represented as spherical
objects and tubular objects, respectively. In this study, we
employ the Hessian response to reduce the search space for
nodule template matching.
The Hessian response essentially is based on the tensor
analysis of a data volume in terms of the second-order de-
rivatives. The eigenvalues of the Hessian matrix contain im-
portant information about the shape of the object around the
voxel x ,y ,z.33 For better utilization of the Hessian eigen-
values, and to reduce noise in the second-order derivatives, a
common technique is to compute the Hessian matrices at
multiple scales. At each scale, the image volume is con-
volved with an isotropic Gaussian function with a different
standard deviation. The eigenvalues at different scales are
then combined using a response function to distinguish
spherical structures from tubular structures. In our previous
study,34 we demonstrated that a neural network classifier can
be trained to merge eigenvalues at three different scales. The
output of the classifier can then be used to distinguish voxels
belonging to spherical or tubular structures in CT scans.
Figure 7 shows one CT slice and the Hessian response
obtained using the neural network classifier that we trained
previously with a data set independent of the one used in the
current study. Two nodules identified by the rectangles are
Medical Physics, Vol. 34, No. 4, April 2007enhanced while most tubular vessels are suppressed. To re-
duce the search space for template matching, our method sets
a threshold Th for the Hessian response such that nodule
template matching is performed only at voxels whose Hes-
sian response is greater than Th. The value of Th is experi-
mentally determined.
2. Template matching using cross correlation
Cross correlation is a popular method to measure the
similarity of two data sets. It is used frequently in image
registration.35–37 We use it to match a nodule template to
nodule candidates. The nodule template is defined as the vol-
ume of interest VOI marked by an experienced radiologist
in the source CT volume as containing the nodule, centered
around the point os= x0s ,y0s ,z0s. Let ot= x0t ,y0t ,z0t  denote the
corresponding initial nodule center coordinates in the target
CT scan, obtained using the registration technique described
in Sec. IIB2. We define a small search VOI  5	5
	5 cm3 in this study centered at ot in the target CT scan.
Each voxel within  that has Hessian response greater than
Th is considered a candidate nodule center. The nodule center
predicted in the target scan by template matching is defined
as o*t= x0
*t
,y0
*t
,z0
*t, where the cross-correlation coeffi-
cient between the nodule template and the corresponding
FIG. 7. a A slice of the 3D lung volume. Two nodules are identified by the
boxes. b The 3D Hessian responses on the same slice as in a. The nod-
ules are discernible in b, whereas many of the vessels have been
suppressed.nodule candidate is the maximum among all candidates.
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Although template matching may, in general, increase the
precision of the predicted nodule center location, we found
that it can be detrimental, especially for small juxta-pleural
or peripheral nodules, for which the template may not be
very distinct. We introduce a geometrical constraint to re-
quire that the distance between the nodule center and the
lung surface in the source scan cannot be very different from
that in the target scan. Let ds and dt, respectively, denote the
distance of the source nodule center to the source lung sur-
face and the distance of the predicted center to the target
lung surface. The geometrical constraint requires that the ra-
tio, ds /dtTd and dt /dsTd. The refined nodule center lo-
cation or
t in the target CT scan is defined as
or
t
= o*t, if d
s
dt
 Td and
dt
ds
 Td,
ot, otherwise.  10
In our study, we experimentally chose Td=3 to correct reg-
istration errors for small juxta-pleural and peripheral nod-
ules. The location of a nodule was determined automatically
using the segmented lung information.
D. Data set
The system performance was evaluated on a clinical data
set of 48 CT scans from 20 patients collected from patient
files with Institutional Review Board approval. Each patient
had two or three scans with a time interval greater than
2 months. Experienced chest radiologists identified 101 pairs
of nodules with diameters ranging from 2.5 to 50.3 mm. The
number of nodules per scan ranged between 1 and 6. Figure
8 shows the change of pulmonary nodule size on the source
prior and target current scans, as measured by an experi-
enced chest radiologist. Because the exact size is difficult to
measure for small lesions, 20 nodules with a diameter less
than 3 mm are plotted at a diameter of 2 mm. The number of
juxta-pleural, internal, and juxta-vascular nodules were 15,
FIG. 8. The size of pulmonary nodules, as measured by an experienced chest
radiologist, on the source prior and target current scans. Because the
exact size is difficult to measure for small lesions, nodules with a diameter
less than 3 mm are plotted at a diameter of 2 mm.45, and 5, respectively. Nodules that were identified only on
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nodule was marked by a 3D box containing only the nodule
and its closely surrounding tissue, which was considered its
ground truth VOI. Figure 7a shows two such regions in one
CT slice. All CT images had 512	512 pixels. The recon-
struction interval ranged from 0.625 to 7 mm, and the in-
plane pixel size from 0.556 to 0.82 mm. We used linear in-
terpolation to resample the CT scans in the z direction to
obtain a uniform slice spacing of 1.25 mm. The purpose of
image interpolation was to facilitate the implementation of
segmentation and registration.
E. Performance measures
We used three performance measures for nodule registra-
tion. They complement each other for evaluating overall per-
formance. The first measure was the Euclidean distance error
between the geometrical centers of the estimated nodule VOI
and its ground truth. This is a good measure commonly used
for registration performance, but it does not account for nod-
ule size. For small nodules, the nodule may still be errone-
ously registered to an adjacent structure in the target CT scan
even if the Euclidean distance is small, but nonzero. It will
be useful to determine if the VOI in the target scan deter-
mined by computer registration actually has a large overlap
with the ground truth VOI. We therefore used the volume
overlap ratio, as defined below, as a second measure for as-
sessing registration accuracy.
Let VOIT and VOIG denote the volumes of interest in the
target scan determined by computer registration and by the
radiologist, respectively. Since this registration study does
not involve segmentation of the nodule size or shape, the
predicted nodule VOIT in the target scan is defined as a re-
gion centered at or
t with the same volume and aspect ratio as
the original nodule template, as identified by the radiologist
in the source CT scan. Several definitions have been used
and discussed in the literature for measuring how well two
objects overlap.10 We choose the volume overlap ratio as

 =
VOIT VOIG
VOIG
, 11
which represents the fraction of the radiologist’s VOI that is
included in the computer’s VOI. The minimum value of 
 is
zero, when VOIT does not overlap with VOIG. The maximum
value of 
 is 1, when VOIT completely coincides with VOIG.
The third performance measure is the fraction of nodules
whose centroid computed by the computer registration in the
target scan falls within the VOIG identified by the radiologist.
This metric is referred to as the “hit rate.”
III. RESULTS
Table I summarizes the quantitative registration perfor-
mance under different techniques.
A. The Euclidean distance error
Figure 9a shows the distribution of the Euclidean dis-
tance errors for all 101 pairs of nodules obtained from the
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initial registration had a mean Euclidean distance error of
9.7±5.5 mm. All actual target nodules were included in the
5	5	5 cm3 box centered at the initial registration point.
Of the 101 nodule pairs, 45 pairs had registration errors over
10 mm and the volume overlap ratio averaged over all nod-
ule pairs was very low at 0.24±0.27 Table I, indicating that
the rigid 3D affine registration for lung nodules only yields a
rough estimation. Figure 9a also shows the distribution of
the Euclidean distance errors after the final registration. Tem-
plate matching and the constraints reduced the registration
error to 2.7±3.3 mm. Fifty-nine nodule pairs had a Euclid-
ean distance error less than 2 mm and only two pairs had an
error greater than 10 mm. If we analyze the subgroup perfor-
mances based on the nodule location, the final registration
errors of juxta-pleural, internal, and juxta-vascular nodules
were 2.7±4.1, 2.5±3.0, and 3.4±2.4 mm, respectively.
Figure 9b shows the distribution of the maximum cross-
correlation coefficients * for all 101 nodules. Ninety-four
nodules had *0.5 and four nodules had *0. To show
the positive cross-correlation coefficients in detail, the nega-
tive cross-correlation coefficients were grouped to the bar
representing *=0. All four nodules with a negative cross-
correlation coefficient had a diameter 3 mm and were at-
tached to the chest wall. Because of the geometrical con-
straint, the refined predicted centers for these four nodules
were the same as their 3D affine registered centers. Register-
ing pulmonary nodules that are small and close to the chest
wall is difficult as also discussed by Sun et al.21
Figure 9c illustrates the scatter-plot of the maximum
cross-correlation coefficient * and the Euclidean distance
error. Again, the negative coefficients *s were plotted at
*=0. Most points are clustered in the lower-right corner of
the plot. Two outliers, nodule A and nodule B as circled in
the plot, were incorrectly registered. As will be discussed in
the next section, registration for nodule A fails due to 3D
rigid affine transformation and template matching and nodule
B fails due to template matching.
B. Volume overlap ratio
Figure 10a illustrates the distribution of the volume
overlap ratio r. Of the 101 pairs, 99 registered nodule VOIs
had nonzero overlap with their ground truth VOIs and 83
pairs had ratios greater than 0.5. This result indicates that our
automated nodule registration can be useful in locating the
TABLE I. Registration performance under different cr
Second
stage
Hessian
constraint
Geometric
constraint
Technique 1 No No No
Technique 2 Yes No No
Technique 3 Yes No Yes
Technique 4 Yes Yes No
Technique 5 Yes Yes Yestarget nodules based on source nodule positions. The nodules
Medical Physics, Vol. 34, No. 4, April 2007that had zero overlap are again nodule A and nodule B, the
same outliers that had a large Euclidean distance error as
shown in Fig. 10c. Figure 10b shows the scatter-plot of
the volume overlap ratio and the cross-correlation coeffi-
cients. The negative correlation coefficients were plotted at
*=0. Most points cluster in the upper-right corner of the
plot. A nodule that has a high cross-correlation coefficient
typically also has a high volume overlap ratio. Figure 10c
illustrates the scatter-plot of the volume overlap ratio and the
Euclidean distance error. As expected, the nodules that have
small Euclidean distance errors generally have high overlap
ratios. However, for a given Euclidean distance, e.g., 5 mm,
the volume overlap ratio can range from about 0.1 to 0.7,
indicating that the Euclidean distance alone does not de-
scribe clearly the registration performance.
We also investigated the effects of the Hessian response
and the geometric constraint on the Euclidean distance error.
When the Hessian response constraint alone was lifted, i.e.,
when search was conducted for all voxels in , but the geo-
metric constraint was still applied, the Euclidean distance
error was 2.9±4.6 mm. When the geometric constraint alone
was lifted, the Euclidean distance error was 3.1±4.9 mm.
When both of the constraints were lifted, the Euclidean dis-
tance error was 3.5±6.3 mm.
C. Hit rate
The initial registration had very low hit rate. Out of 101
nodules, only 28 nodules had their registered centers fall into
the ground truth VOIG’s identified by the radiologist. The
second stage by template matching improved the hit rate to
93/101. The hit rate is insensitive to the Hessian and geo-
metric constraints, indicating that this measure is a very
rough estimate of the registration performance.
IV. DISCUSSION
Our results indicate that the two-step registration method
performs well for most nodule pairs. The initial nodule reg-
istration based on the rib anatomy and the rigid 3D affine
transformation can localize the corresponding nodule to
within a small region in the target CT scan and the second-
stage nodule template matching can be confined to this re-
gion. This approach greatly reduces the chance of mismatch-
ing and also improves the computational efficiency. The
average Euclidean distance error after 3D affine transforma-
tion was 9.7±5.5 mm. However, the position of nodule rela-
for different techniques.
Distance
or mm
Correlation
coefficient
Volume
overlap ratio
Hit
rate
.7±5.5 0.14±0.26 0.24±0.27 28/101
.5±6.3 0.81±0.18 0.72±0.24 93/101
.9±4.6 0.80±0.19 0.72±0.23 93/101
.1±4.9 0.79±0.19 0.71±0.24 93/101
.7±3.3 0.79±0.20 0.72±0.24 93/101iteria
l2
err
9
3
2
3
2tive to the ribs may have a significant change from the source
1344 Shi et al.: Pulmonary nodule registration in serial CT scans 1344CT scan to the target CT scan due to positioning or other
factors. Figure 11 shows such an example, where the nodule
is enclosed by a rectangular box in the source Fig. 11a
and the target Fig. 11b scans of the same patient, acquired
4 months apart in time. The nodule diameter is less than
3 mm. A chest radiologist verified that the two lesions in
Figs. 11a and 11b are most likely the same nodule, even
though they appear at different locations relative to the adja-
cent ribs. The 3D local rigid affine transformation that ex-
ploits the anatomical points on the rib centerline was unable
to appropriately register nodule A, resulting in a large Eu-
clidean distance error of about 23 mm. Although the target
nodule was included in the search region, template matching
incorrectly matched this small nodule to a non-nodule struc-
ture with a high cross-correlation coefficient of 0.79. This
FIG. 9. a Histogram of the Euclidean distance errors after the 3D rigid
affine transformation, and the final error after refinement by template match-
ing with the geometrical constraint. b Distribution of the cross-correlation
coefficient * between the nodule templates in the source scan and the reg-
istered location in the target scan. To show the positive cross-correlation
coefficients in detail, all negative cross-correlation coefficients were
grouped to the bar representing *=0. c Scatter-plot of the Euclidean dis-
tance errors and the cross-correlation coefficients. Nodule A is misregistered
due to the 3D rigid affine transformation and template matching and nodule
B is misregistered due to template matching.structure did not satisfy the geometrical constraint so that the
Medical Physics, Vol. 34, No. 4, April 2007final position remained the same as that from the initial reg-
istration where there was no nodulelike structure so that the
cross-correlation coefficient was very low. The large misreg-
istration thus was caused by both the initial registration and
template matching.
Template matching with the Hessian constraint may be
helpful in many cases. However, there are also cases in
which the use of the Hessian response may be detrimental.
One such case is shown in Fig. 12, where the shape of nod-
ule B is distorted by the neighboring vascular structure, and
the Hessian response in the core part of the nodule is lower
than the threshold Th. Although some peripheral voxels in the
nodule VOI have Hessian responses larger than Th, their
cross-correlation coefficients were all small. As a result, an
FIG. 10. a Histogram of the volume overlap ratios. Only the outliers nod-
ule A and nodule B have zero overlap. b The scatter-plot of the volume
overlap ratios and the cross-correlation coefficients. A nodule with a high
cross-correlation coefficient typically has a high volume overlap ratio. c
Scatter-plot of the Euclidean distance error and the volume overlap ratio.
The two outliers nodule A and nodule B have large distance errors and zero
overlap.incorrect position in a slice different than that shown in Fig.
1345 Shi et al.: Pulmonary nodule registration in serial CT scans 134512 with a Hessian response larger than Th and a larger cross-
correlation coefficient was selected as the corresponding
nodule location.
Our study also shows that registering small juxta-pleural
nodules is a challenging task as found by other researchers.
To some extent, we have overcome this challenge by using
the geometrical constraint that effectively reflects the expec-
tation that the distance between the nodule center and the
lung surface in the source scan cannot be very different from
that in the target scan. This constraint reduced the average
Euclidean distance error from 3.1±4.9 to 2.7±3.3 mm.
In this study, we used the prior exam as the source scan
and the current exam as the target scan. However, the method
is applicable if the roles of the prior and current exams are
reversed. Because VOIT has the same volume as VOIG
marked in the prior CT scan, if a nodule decreases in size in
the current scan, the volume overlap ratio 
 will be optimis-
tically biased. Conversely, 
 is pessimistically biased for
growing nodules. Figure 8 shows that the size of most nod-
FIG. 11. Two CT scans of the same patient, acquired at an interval of
4 months: a source scan and b target scan. Nodule A was identified by an
experienced chest radiologist as marked by the box in each image. This is a
small juxta-pleural nodule and there is apparently a significant location
change between the two scans. Nodule A is one of the outliers that was
misregistered in our study.ules in this study either remains unchanged or increases from
Medical Physics, Vol. 34, No. 4, April 2007the source to the target scan. The estimated performance of
the registration system in terms of 
 is therefore conserva-
tive.
Limitations of our registration approach included the fol-
lowing. First, our technique may have a large error for nod-
ules that appear on the source scan, but not on the target
scan. For such nodules, template matching would likely fail,
and the initial nodule registration would therefore be crucial.
Improvement of the initial nodule registration based on reli-
able anatomical structures and effective geometrical transfor-
mations is worth further investigation. A second limitation of
our technique is the requirement that both the target and
source scans cover the entire lung. Partial thoracic CT scans
of a patient may result in inconsistent rib labeling on the two
scans and cause the rigid affine registration using the rib
anatomy to fail. Registration of lung nodules on partial tho-
racic CT scans would be an interesting topic for further
study. Finally, for rib labeling, we assume that compared to
other rib pairs, the axial slices on which the second rib pair
joins the spine are closer to the apex of the lungs. This as-
FIG. 12. The CT image in the target scan and the Hessian response for the
outlier nodule B, identified by the box in each image. Notice that the nodule
is small with a diameter of 5.2 mm and its shape is distorted by the neigh-
boring vessels. Nodule B is one of the outliers that was misregistered in our
study.sumption was correct for all 48 CT scans used in this study,
1346 Shi et al.: Pulmonary nodule registration in serial CT scans 1346but it is likely that there will be scans for which this assump-
tion does not hold. However, even when this assumption is
not satisfied, if the labeling of the ribs is consistent for the
two temporal scans of a patient e.g., if the labels for both
scans are shifted together by any number, i.e., the nth rib pair
instead of the second rib pair appears on the axial slice with
the lung apex, the subsequent steps of nodule registration
will not be adversely affected.
V. CONCLUSION
We have developed an automated method to identify cor-
responding nodules in serial CT scans for interval change
analysis. Our quantitative study indicates that it is possible to
accurately predict the location of a lesion on a target scan
based on its location on a source scan. Our registration tech-
nique achieved a Euclidean distance error of less than 5 mm
for 85% and less than 10 mm for 99% of the nodules in our
data set. The results indicated that our approach may be use-
ful as a foundation for the development of an automated
system to perform computer-assisted interval change analysis
for lung nodules in series CT scans. We are continuing to
increase the size of our temporal nodule data set to investi-
gate the generalizability of the approach developed in this
study. Investigation is also underway to compare the
computer-segmented nodule volume in the source scan to
that in the computer-identified volume of interest in the tar-
get scan for estimation of nodule growth.
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